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Introduction
Reliable assessment of vibration serviceability of low-frequency civil engineering structures exposed to pedestrian excitation, such as footbridges and long-span floors, requires the development of sophisticated models of walking locomotion. Deterministic models based on ''average pedestrian'' properties [1] are not always suited for the design of contemporary structures since these, typically light, slender and lightly damped, structures are increasingly sensitive to variations in dynamic excitation. To account for these variations, stochastic modelling approaches could be utilised. Significant advances in the development of the stochastic models have been made over the last decade [2] [3] [4] [5] [6] [7] . All these models aim to mathematically describe the force waveform generated when walking on rigid level surfaces.
The models range from a simple incorporation of randomness in the pacing frequency within a human population (e.g. [3] ) to those that replicate the intrinsic narrow-band nature of the dynamic force induced by a single individual (e.g. [5] ). The stochastic models are most often informed by empirical data related to the following walking locomotion parameters: walking speed, force amplitude, pacing rate, step length and step width.
Increased liveliness of modern structures carrying pedestrian traffic poses a new challenge to structural engineers due to a need to model a pedestrian as a part of a pedestrian-structure vibrating system. Within this system, the pedestrian is exposed to the structural acceleration that might modify their walking locomotion style and consequently alter both the temporal and spectral features of the structural vibration [8] . Modelling the walking locomotion in this case is a challenge since it requires a departure from replicating the force waveform measured on a rigid surface. The challenge can be addressed, for example, by modelling the force profile measured on a lively (i.e. oscillating) surface or by developing fundamental models of pedestrians and their interaction with oscillating supporting structure. The former approach requires the development of an experimental setup that allows for measuring the walkinginduced force at a range of vibration frequencies and vibration amplitudes. The latter approach This paper has been published under the following reference: Dang, H. V . and Živanović, S. (2015) Experimental characterisation of walking locomotion on rigid level surfaces using motion capture system. Engineering Structures, Vol. 91, pp. 141-154, doi: 10.1016/j.engstruct.2015.03. 003 4 intends to represent the source of the dynamic force, i.e. mechanics of walking locomotion, accurately. Inclusion of the locomotor system (i.e. legs) into the modelling introduces a capability to account for kinematic conditions at the human foot -structure interface, making these models potentially suitable for representing walking over both rigid and vibrating surfaces. Biomechanically inspired bipedal pedestrian models belong to this class and they are already being developed for civil engineering applications [9, 10] . To successfully calibrate these models, experimental data are required not only on the walking speed, force amplitude, pacing rate, step length and step width, but also on angular positions of the legs. Ideally the data should include information about both the variability of walking locomotion parameters in a population of different individuals (so called inter-subject variability) and the intrinsic variations in the locomotion parameters induced by a single individual on a step-by-step basis (so called intra-subject variability). It is the intention of this study to provide the experimental data that could be used for calibration of bipedal models.
Data about a wide range of walking locomotion parameters are available in literature in different forms and with different levels of detail. They are, however, rarely acquired simultaneously due to limitations in measurement techniques employed. For example, frequently used force plate and instrumented treadmill devices cannot measure the angular position of the legs. In addition, the collection of a set of data is often performed with a specific application in mind (such as medical rehabilitation) leading to measuring a small subset of parameters that are most relevant for the particular application and presentation of results in a form that is not necessarily suitable for the development of pedestrian models in civil engineering.
When the walking speed, step length, step width, pacing rate and force amplitude for a pedestrian are measured, an average value for each parameter is usually reported. To characterise the inter-subject variability, the mean and the coefficient of variation (CoV) of the average value within a studied population are then calculated. Several examples of the mean and CoV for the (average) parameters reported in literature are: 1.87 Hz and 10% for the pacing frequency, 1.39 m/s and 14% for the walking speed, 0.74 m and 11% for the step length [11] , and 95 mm and 19% for the step width [12] . Three among these parameters (walking speed v, step length d and pacing frequency f p ) are mutually dependent (v = d f p ) and therefore defining any two will automatically determine the third. To model all these parameters, a normal distribution is frequently employed [13] . As for the dynamic force, it is most often reported in the form of the dynamic loading factors DLF i (i = 1-4) which represent the amplitude of the i-th main forcing harmonic normalised by the pedestrian weight. Kerr [14] found that the mean value of first main harmonic (DLF 1 ) increases with an increase in the pacing frequency up to 2.2Hz. Beyond 2.2 Hz, the amplitude remains fairly constant. He also reported that the CoV for this parameter is about 16%. Furthermore, Geyer [15] showed that the attack angle tends to decrease linearly from 75 to 67 with an increase in the walking speed from 0.6 m/s to 2.4 m/s while the end-of-step angle is rarely quantified. Definition of the two angular parameters differs slightly between studies, depending on the experimental setup used to monitor the kinematics of the test subject's body. In the context of this study the attack angle is defined as the angle between the line connecting body's centre of mass (BCoM) and the foot of the leading leg (at the heel-strike event) and the walking surface. The end-of-step angle is taken as the angle formed by the line connecting BCoM and the foot of the trailing leg (at the toe-off event) and the walking surface. Some studies also report the trunk rotation over an individual step. Although this rotation is small at about 2, it still can make a significant contribution to some walking locomotion quantifiers, such as the moment about the hip joint [16] .
The average value of a parameter for an individual pedestrian provides no insight into the intrasubject variability. For this, the variation in pedestrian parameters (i.e. their CoV) on a step-bystep basis has to be known. Within an investigated pedestrian population this variation can be expressed using the mean and the standard deviation of the CoV. Information of this type is often scarce and incomplete. For example, Brownjohn et al. [2] provided useful information This paper has been published under the following reference: Dang, H. V . and Živanović, S. (2015) Experimental characterisation of walking locomotion on rigid level surfaces using motion capture system. Engineering Structures, Vol. 91, pp. 141-154, doi: 10.1016/j.engstruct.2015.03. 003 6 that the CoV of pacing frequency on a step-bystep basis is around 3%, while Bauby and Kuo [17] found that the variability in the step width is larger than in the step length. In both cases, however, additional information about a potential correlation of the investigated parameters with, for example, the pacing frequency or the walking speed was not studied. Yamasaki et al. [18] , on the other hand, provided detailed information on the variations in the step length.
They found that the mean CoV ranges from 2% to 5% and that it is a function of the walking speed and gender. They also provided data for the standard deviation for both genders and a range of speeds. This study represents an example of a detailed description of the intra-subject variability (and its variation across a population of test participants) that can be used as a direct input into stochastic modelling.
To monitor key parameters of interest (i.e. walking speed, pacing rate, step length, step width, DLF, attack angle, end-of-step angle, and trunk rotation) simultaneously, a motion capture system (MCS) that tracks human body movement can be employed. Use of the MCS only is straight forward for measuring all parameters except the DLF which, in this case, has to be evaluated indirectly from the measured kinematic data. Using the MCS for measuring humaninduced force while jumping, bouncing, running and walking is relatively new (and still rare) in civil engineering applications [19] [20] [21] . This is the most likely reason behind the lack of guidance on both the best tracking model that should be employed in these experiments and the accuracy that can be achieved.
The main aim of this paper is to statistically characterise the walking locomotion parameters on a population of ten test subjects. Particular attention is devoted to characterising the intrasubject variability and testing the hypothesis of whether the step-by-step variations in the parameters follow a normal distribution. The study also aims to provide some insight into the choice of the MCS-based tracking models for indirect measurements of the dynamic force. To achieve these aims, an experimental study of human walking locomotion on a rigid surface was conducted. The data collected are expected to find use in the process of calibration of the This paper has been published under the following reference: Dang, H. V . and Živanović, S. (2015) Experimental characterisation of walking locomotion on rigid level surfaces using motion capture system. Engineering Structures, Vol. 91, pp. 141-154, doi: 10.1016/j.engstruct.2015.03.003 7 bipedal class of pedestrian models. The natural next step would be to validate these models against the walking locomotion parameters acquired in the presence of the pedestrianstructure interaction; a task that is beyond the scope of this paper. Since the bipedal models are most likely to be used on structures prone to the excitation by the first forcing harmonic, only DLF 1 is considered in this study. This research is exclusively concentrated on the vertical component of the force.
Following this introductory section, an investigation into the use of the MCS for measuring human-induced dynamic force is presented. Apart from the background information on the indirect force measurements, the MCS employed in this study is described and an analysis related to the choice of a tracking model is performed. The main experimental investigation into the variability of walking locomotion parameters is then presented. Finally, a statistical characterisation of the parameters in a form suitable for future use is conducted, followed by a discussion and conclusions.
All experiments reported in this paper were approved by the Biomedical and Scientific
Research Ethics Committee at the University of Warwick. Prior to the experiments, the test procedure and associated health and safety issues were explained to the test subjects (TSs). In addition, TSs signed a consent form and completed a physical readiness questionnaire. Only TSs with no health issues at the time of testing were allowed to take part in the experiments.
Measuring dynamic force using motion capture system
A MCS consists of a series of video-based optoelectronic cameras or sensors that are used to capture displacement of markers attached to human anatomical landmarks. Kinematic data of body segments recorded in this way have been used to reconstruct the human-induced force during walking [19] , bouncing and jumping [20] and running [21] .
According to Newton's second law, the vertical component of the force F z (t) generated by a pedestrian is: In the walking posture, the BCoM is normally located inside the human body, and therefore its acceleration cannot be directly measured.
Instead, the segmental method for estimating the acceleration, and therefore the force, is frequently used [21, 22] . The method assumes that the human body consists of a chain of rigid segments: head, upper arms, forearms, hands, trunk, thighs, shanks and feet. The total force is calculated by summing the contributions from the individual segments:
where m i is the mass of the i-th body segment, is the vertical acceleration of the corresponding segment's centre of mass (SCoM), while k is the number of segments. The use of this equation relies on estimating body segment parameters (i.e. the segment mass and the position of the SCoM) from the databases available. A comprehensive database for a sample of 100 male test subjects was developed by de Leva in 1996 [23] , and it is summarised in Table 1 .
The mass of each body segment is expressed as a percentage of the body mass, while the location of each SCoM is defined as a percentage of the segment length measured from the top end for the trunk segment and from the proximal end-point (i.e. the end point closer to the trunk) for other body segments. Examples of three body segments are shown in Fig. 1 , while detailed description of all segments is available in [23] . The data in Table 1 allow representation of the trunk as either a single body segment having mass of 43.5% or three body segments having individual masses of 16.0%, 16.3% and 11.2%.
The assumption that the body segments are rigid is not strictly correct. Namely, the deformability of the soft tissue relative to the underlying bones induces errors in the measured 9 kinematic data [22] . This error, known as the soft tissue artefact, is most prominent at those stages of walking characterised by high accelerations, such as heel impacts. The problem mainly affects the high frequency content of the measured signals, and it can usually be minimised by low-pass filtering of the raw kinematic data [22] .
In civil engineering applications, the segmental method has been successfully used by Racic et al. [20] to quantify bouncing and jumping forces, while the potential to use the same method for measuring the vertical component of the walking-induced forces has been demonstrated by the same authors on a single test subject only [19] . To utilise the method in this study, it is necessary to identify a marker layout to be employed in the experimental programme. The literature does not provide either guidance on the choice of the marker model or advice on the accuracy that can be achieved. For this reason four candidate marker models are investigated in more detail in this section. 
Measurement system
Experiments for testing the performance of the marker models were performed in the Gait Laboratory, equipped with a motion capture system Vicon [25] and a force plate OR6-7-2000 [26] , at the University of Warwick.
The MCS consists of twelve high-speed and low latency cameras that record 200 twodimensional frames per second. Before starting the measurements, the relative distances between cameras and their projections were established by waving a calibration wand of a known geometry (Fig. 2b) inside the capture volume. The wand was also used to set the origin of the global coordinate system (Fig. 2b) . The background noise was determined by monitoring stationary markers for 30 s [27] .
The one second root-mean-square value of the measured noise was found to be less than 0.05 mm, which is an acceptable noise level for the current study.
The force plate (of size 464 x 508 mm) in the Gait Laboratory is mechanically isolated from the surrounding floor (Fig. 2b) . The fundamental natural frequency of the plate in the vertical direction is 530 Hz, which is well above the frequency content in the force signal studied, making the force plate suitable for the intended experiments.
Recordings of the marker trajectories and the force plate signal were synchronised using an MX Giganet data acquisition unit [25] , making direct comparisons of the time domain events in the two signals possible. 
Marker models
Each test subject was instrumented using 34 markers (Fig. 3) . Fifteen markers were positioned on either half of the body, while the remaining four markers (No. 9, 10, 11 and 14 in Fig. 3) were located in the midsagittal plane (Fig. 1) . The marker positions were chosen to provide data on kinematics of individual body segments, and they were informed by the literature related to the research in: balance during standing, modelling BCoM's trajectory and the force reconstruction for different human activities. Four marker models (Models A, B, C and D) were formulated (Fig. 3) . The exact anatomical positions of all markers are described in Table 2 . Model A consists of the sacral marker only (No. 14 in Fig. 3 ). This model was selected to test the hypothesis that one marker, which lies in the proximity of BCoM, can be used to determine the force [28] . Model B comprises of 18 markers to replicate the marker arrangement from a recent study of the walking force [19] . The movement of the trunk in this model is not directly monitored. Instead, it is determined by interpolation from the shoulder and the hip markers (Fig. 3) . This approach might introduce a nonnegligible error in the calculation of the inertia force of the trunk, and potentially a large error in the total force given that the trunk provides the largest contribution to the body mass ( that includes a detailed instrumentation of the human body using 27 markers (Fig. 3) . Apart from an improved instrumentation of feet in Model D, monitoring of the trunk is also improved by splitting it into three parts (i.e. upper, middle and lower trunk). The intention is to track movements of different parts of the trunk and investigate whether this approach leads to a better quality of the force measured. In addition, hand movement is also recorded in Model D.
Apart from the layouts of markers in the four models, Fig. 3 
Description of experiments
Ten male TSs with no history of gait issues volunteered to participate in the tests performed in the Gait Laboratory. The general characteristics of the TSs, in terms of the average ± one standard deviation, are: age 22.7 ± 2.7 years, height 177.5 ± 5.6 cm and mass 69.3 ± 7.7 kg. Test participants were requested to stay topless and to wear a pair of black tight running shorts so that most markers could be placed directly on the skin, minimising the risk of loose attachment.
The markers were glued to the TS's body using double-sided tape. Before starting experiments, the TSs were instructed to quietly stand on the force plate for 30 s. The average of the vertical component of the recorded force plate signal was then divided by the acceleration of gravity to determine the body mass.
Evaluation of the accuracy of the marker models can be performed by comparing the indirectly recorded force against the benchmark force measured directly by the force plate. Comparison of the data acquired in the walking posture poses a challenge: the single force plate setup records the force generated by a single foot only, while the MCS records the total force. To make the comparison possible, a decision was made to ask TSs to perform an on-the-spot activity so that both facilities can record the total force (over a prolonged time period). Among candidate on-the-spot activities, such as jumping, bouncing and stamping, the stamping was chosen due to movement of limbs during this activity being most similar to that in walking.
Since human kinematics during stamping is similar but not the same as that during walking, the results from the evaluation of the four models were used to identify a single, most promising, marker model, and then to evaluate it in a more relevant (and more demanding) experimental setup related to walking over a laboratory bridge.
Each TS was required to stamp on the force plate, with the assistance of a metronome, at eleven frequencies between 1.5 Hz and 2.5 Hz. The stamping frequencies and their order of execution were 1.7, 2.0, 1.8, 2.3, 1.6, 2.1, 2.5, 1.9, 2.4, 1.5 and 2.2 Hz. The pseudorandom order was employed to avoid possible psychological bias associated with using exclusively either increasing or decreasing pacing rate order. Each TS completed three consecutive trials at any particular frequency before proceeding to the next frequency.
Recording in a trial started when the TS declared himself comfortable with following the metronome beat. The duration of each recording was 60 s. After three trials at a single frequency, there was a short break of 30 s. During this break, the attachment of the markers to the body was checked. If a loose marker was detected, the previous three trials were repeated.
In addition, rare trials in which TSs accidentally stepped out of the force plate were also repeated. Overall, each TS completed 33 trials that qualified for the analysis. Each test session lasted 1.5-2.5 h.
This
Evaluation of four marker models
Marker trajectories and force plate data were sampled at 200 Hz. To remove high-frequency noise (e.g. electrical noise in the optoelectronic system and soft tissue artifact) both the marker and the force plate data were filtered in MATLAB [29] using a fourth-order zero-phase-shift low-pass filter with the cut-off frequency of 10 Hz [27, 30] . The displacement data were then differentiated twice to calculate the accelerations of the markers. The stamping force was then determined using Eq. (2). To extract the first harmonic, the force signals were band-pass filtered using a fourth-order Butterworth filter and normalised by the test subject's weight. The filter bandwidth was set to six standard deviations of the stamping frequency and centred at the average stamping rate.
The peak-per-cycle amplitudes of the filtered signals were averaged to estimate directly and indirectly measured DLF 1 . The percentage difference Δ DLF1 between the two sets of measurements:
is shown in The results in Fig. 5 show that the measurement accuracy is influenced by the choice of the marker model and that Models C and D perform best. Since Model C utilises fewer markers, this model is selected for further evaluation in relation to the walking activity. 
Evaluation of Model C while walking
To evaluate the suitability of Model C for measuring the walking-induced force, a subset of three test subjects were asked to walk on a treadmill device [31] placed on the Warwick Bridge (WB) situated in the Structures Laboratory at the University of Warwick. The steel-concrete composite bridge has a 2 m wide and 19.9 m long deck. The structure is simply supported, and the supports can be moved to alter the span length. In this study, two configurations of the bridge were utilised: the span length of 16.2 m (hereafter referred to as WB1) and the span length of 17.4 m (hereafter referred to as WB2). The natural frequency and the damping ratio of the fundamental mode of vibration were identified from free decay measurements and they were found to be amplitude dependent (Fig. 6) . Using a controlled resonance build-up methodology developed by Brownjohn and Pavic [32] , modal masses of the two structures (including the treadmill) were found to be 7700 kg for WB1 and 8200 kg for WB2. More detailed information about the structural geometry and testing methodology is provided by Dang [33] . [11] . Walking on the treadmill is known to differ from the over-ground walking due to the effects such as the imposed constant speed and stationary visual reference [34] . Van de Putte et al. [35] found that a 10 min warm-up on treadmill is required for differences between overground and treadmill walking to become negligible, leading to adopting the 15-min long practice on the treadmill in the experimental study presented in this paper.
After the calibration of the measurement system, the TS was instrumented using 19 markers (Model C) and his kinematics was monitored using three Vicon cameras attached to a frame built around the bridge (Fig. 7a) . The global coordinate system for data capture was chosen to be aligned with the treadmill geometry, as shown in Fig. 7a . Data capturing started 30 s after the speed selection allowing the treadmill to reach the target speed and the TS to achieve a stable walking gait. A minimum of 450 steps were recorded in every trial to acquire statistically significant data [36] . 
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initial conditions for the bridge were also known: the displacement was recorded by monitoring a marker placed at the midspan, while the velocity was obtained by differentiating the displacement signal. To account for the nonlinearities in the natural frequency and damping ratio, the modal parameters were updated on a cycle-by-cycle basis utilising the empirical values shown in Fig. 6 [33] . To extract the modal response in the fundamental mode of vibration, the simulated and the measured responses were band-pass filtered using a fourthorder Butterworth filter, with cut-off frequencies at 1 Hz and 3 Hz. The percentage difference in the average peak per cycle acceleration value for the two responses (relative to the measured value) was found to be within ±15% in as many as 78% of the trials, while it was within ±20% in 92% of the trials [33] .
The increase in the response error compared with the ±15% error in 90% of trials related to the stamping activity is either due to increased measurement error in the walking-induced force (compared with the stamping activity), or the contribution of the (inherent) measurement error in the estimated modal properties of the bridge, or a combination of the two. A conservative conclusion is that the absolute value of the error in the measured walking force is, at worst, 20% in 92% of trials. Thus Model C can be used for applications that do not require a higher level of accuracy, for example for detecting change in force level on lively surfaces on which a force drop, as large as 75%, can occur [33] . Having quantified the error, Model C was adopted for experiments in the next section.
Experimental setup for monitoring walking locomotion
Ten young and healthy male TSs volunteered to participate in the main experimental programme for characterising walking locomotion in the Gait Laboratory. The characteristics of this sample, in terms of the average ± one standard deviation, are: age 25.0 ± 2.9 years, height 176.8 ± 5.4 cm and mass 72.4 ± 9.6 kg.
To monitor the walking gait over multiple steps in the confined laboratory space, the treadmill used for the experiments on the WB was placed in the centre of the capture room. In addition to the 19 markers required for the measurement of the force, the TSs were instrumented with two additional markers at the heels (No. 20 and 34 in Fig. 3 ) to allow for identification of the heel-strike events (required for quantifying a number of locomotion parameters). The following parameters were measured simultaneously: the pacing frequency, step length, step width, attack angle, end-of-step angle, trunk rotation and DLF 1 . At the end of each trial, the TS was asked to subjectively categorise the speed as slow, normal or fast. These answers are shown in Fig. 7b as empty circles, filled circles and triangles, respectively. Apart from TS6, all other TSs were consistent in classification of the walking speed, i.e. they did not assess a speed as, say, fast even though some higher speeds were classified as normal or slow. Although this classification might have been biased due to TSs being asked to set up a particular speed on the control board of the treadmill before a trial, it still provides a useful indication of the normal walking speed range for each individual. It is worth mentioning that two successive trials were about five minutes apart, so the TSs were unlikely to remember the previously used speed and the reported classification of it, as confirmed by TSs at the end of their participation. All TSs used all three categories in their answers, suggesting that the tests succeeded in making the TSs walk both within and outside their comfortable (i.e. normal) speed range.
Statistical characterisation of walking parameters
This section provides a statistical description of both inter-and intra-subject variability of the monitored walking locomotion parameters. First the pacing rate, which is the key temporal parameter, is presented, followed by results for two spatial parameters (step length and step width). Angular positions of legs and trunk are then investigated, followed by the analysis of DLF 1 . All the measured parameters are expressed as functions of the walking (i.e. treadmill belt) speed that is considered as an independent variable in this study.
Pacing rate
The pacing rate f p is calculated as the reciprocal value of the duration of a walking step. The step duration is measured as the time elapsed from the heel-strike event of one foot to the heelstrike event of the other foot. To detect these events, a method proposed by Zeni et al.
[37] is used. The method is based on the observation that, when walking on a treadmill, the X coordinate ( Fig. 7a ) of the heel marker changes from moving forward to moving backward at the heel-strike event (solid lines in Fig. 8a ). This corresponds to change in the X component of the velocity vector (dashed lines in Fig. 8a ) from a positive to a negative value. The detected zero crossings in the velocity signal (circles in Fig. 8a ) are then used to calculate period T i of each step leading to the calculation of the step frequency on a step-by-step basis.
An example of the pacing rate induced by left and right feet of a TS walking at the speed of 1 m/s is shown in Fig. 8b . It can be seen that there is some variation in the pacing rate around the mean value of 1.52 Hz (CoV = 2.8% in this example). The average pacing rate is shown as dashed line in the figure, while the average ± one standard deviation boundaries are given as dash-dotted lines. Fig. 8c shows that the probability density function (PDF) for this set of experimental data (dotted line) approximately follows a normal distribution (solid line). The
Kolmogorov-Smirnov test for goodness-of-fit [38] was used to test the hypothesis that the data belong to a normal distribution. For the significance level of 5%, the hypothesis was rejected in 10% of trials only. An example of a trial in which the hypothesis was rejected is that shown in
24 Fig. 8c , while an example of a better agreement between the two distributions (related to a trial in which the hypothesis was not rejected) is shown in Fig. 8d . Therefore the step-by-step variations in the pacing rate can be modelled as normally distributed.
The average pacing rate and the corresponding CoV are calculated for each trial. These parameters are shown in Fig. 9 for individual TSs and walking speeds. Best least square secondorder polynomial fit of the mean value (solid lines) and one standard deviation boundaries (dashed lines) across the TS population are also shown in the same figure. Subscripts ''u'' and ''l'' refer to the upper and lower boundaries of the standard deviation band. It can be seen that the average pacing rate increases with an increase in the walking speed. Statistical characterisation of the pacing rate shown in Fig. 9 is used as a template for presentation of the data related to other walking locomotion parameters in the remainder of this section.
Spatial parameters
Step length d is the longitudinal distance (X direction in Figs. 7a and 10 ) that a pedestrian travels between two successive heelstrikes. A way to measure the step length is to determine the distance between the heel markers on the two feet at the time of a heel-strike event of the leading leg (Fig. 10) . This method induces an underestimation of the step length since the heel of the trailing leg is airborne at the heel-strike event of the leading leg. However, the error is small (about 2% of the step length) and it is neglected in this study.
Figure 10:
Step length and step width.
The step width is the lateral distance (Y direction in Figs. 7a and 10 ) between the centres of the two feet [17] , where the centre of each foot is approximated as the midpoint between the toe and the heel markers (Fig. 10 ). The step width is also determined at the heel-strike event of the leading leg.
As in the case of the pacing rate, the empirical PDFs of the step length and step width are found to follow a normal distribution (the hypothesis of normal distribution is rejected in 10%
and 1% of trials, respectively). The average step length and the corresponding CoV are shown in Fig. 11a and b, respectively, while these parameters for the step width are presented in Fig.   11c and d.
The average step length increases with an increase in the walking speed, while the CoV is at minimum at the walking speeds around the boundary between normal and fast walking. The average step length for normal speed lies in the range of 0.56-0.84 m. The average step width ranges from 60 mm to 143 mm on the normal speed range, and is similar elsewhere. The CoV of the step width also seems to be almost independent from the walking speed. The CoV for the step width (13.4-39.2% on normal speed range) is significantly larger than that for the step length (1.3-4.7%). 
Angular parameters
This section describes three angular parameters: attack angle  0 , end-of-step angle e and trunk orientation tr (Fig. 12) .
The attack angle is calculated at the heel strike events of the leading leg using measured coordinates of the ankle and BCoM (calculated using Model C) in the coordinate system shown in Fig. 7a: while the end-of-step angle is defined as:
Results of the Kolmogorov-Smirnov goodness-of-fit test show that, at 5% significance level, the hypothesis that  0 and  e follow the normal distribution is rejected in 3% of trials in both cases.
The average value and the CoV for the attack angle are shown in Fig. 13a and b, respectively, while the same parameters for the end-of-step angle are presented in Fig. 13c With an increase in the walking speed, the attack angle reduces while the end-of-step angle increases due to increase in the step length (Fig. 11a) . The best fit function for the sum of these two angular parameters with respect to the speed v (m/s) is:
In all trials this sum is greater than 180 that is, due to geometry constraints i.e. lack of foot modelling, assumed in simple bipedal model [9] . This finding can be utilised in the development and validation of more advanced bipedal models (e.g. [10] ).
The trunk is the biggest body segment, making around 72% of the mass of the upper body [23] .
The trunk angle (Fig. 12b ) in this study is defined with respect to a line connecting the sternum Fig. 3 . These two points are referred to as the top trunk and the bottom trunk points, respectively. The angle htr is calculated as:
The distribution of  tr calculated at the heel-strike events is found to follow a normal distribution (the hypothesis of normal distribution is rejected in 7% of trials). Fig. 13e shows that the trunk is relatively vertical for slow walking, i.e. the angle is close to 90 in these cases.
As the speed increases, the angle increases indicating that TSs tend to lean forward at faster speeds. At normal walking speeds, the trunk angle ranges from 89.2 to 102.3, while the CoV lies in the range of 0.6-1.3% (Fig. 13f) .
From the continuous measurement of the trunk angle, its maximum variation within each individual step is also calculated. This value ranges between 1.6 and 3.5 when walking at normal speeds, confirming Winter's observation that the trunk rotation is small within any particular step [16] . 
Dynamic loading factor
To determine DLF 1 on a step-by-step basis, indirectly obtained force signal was band-pass filtered using a fourth-order Butterworth filter. Given that the pacing rate was found to follow a normal distribution in Section 4.1, the filter bandwidth was set to include frequency lines within ± three standard deviations of the mean pacing rate. A time history of the narrow-band (i.e. filtered) force normalised by the body weight is shown in Fig. 14a , while the spectrum of the measured force and the frequency bandwidth used for filtering are shown in Fig. 14b . At 5% significance level, the Kolmogorov-Smirnov test suggests that DLF 1 follows the normal distribution in 62% of the trials only. DLF 1 deviates from the normal distribution more than the other parameters, possibly due to differences in the individual forces generated by the ''strong'' and ''weak'' leg [4] . The individual effects of the two feet could not be investigated using the MCS, and they should be subjected to further research. The average value of DLF 1 increases with an increase in the walking speed (Fig. 15a) , while the CoV is lowest when the walking speed is close to the boundary between normal and fast walking (Fig. 15b) . For normal speed DLF 1 = 0.11-0.48 while CoV = 1.5-8.3%. DLF 1 and CoV are expressed as functions of the average pacing rate in Fig. 15c However, the average DLF 1 in this study is consistently lower than that in the study by Kerr up to the pacing rate of 2.2 Hz (with differences being more pronounced at slower pacing rates) and consistently larger than the values reported in [2] for all but extremely slow walking speeds. These differences are a natural consequence of variations associated with different populations of test participants. 
Discussion and conclusions
The motion capture system Vicon in the Gait Laboratory at the University of Warwick has been utilised in this study for simultaneous monitoring of seven walking locomotion parameters, including an indirectly measured dynamic force. Although the use of MCSs in civil engineering research is growing, guidance related to the choice of the marker layout for force measurement is not readily available, motivating a study into four candidate models (consisting of 1-27 markers) in this paper. Due to limitations in the measurement system, their accuracy was evaluated only in relation to the stamping activity. It was found that two marker models (C and D), proposed by the authors, provide best accuracy, with measurement error in DLF 1 being up to 15% in 90% of trials. The precise description of the geometry of each model required for their use by independent researchers has been provided. Model C has advantages in that it utilises fewer markers, and that all markers are positioned on the frontal part of the body, allowing a reduced number of cameras to be used. Both of these advantages lead to the reduced cost of the testing and they are expected to prove extremely beneficial when performing measurements outside the laboratory. The performance of Model C was then tested in relation to the walking activity. The measurement error was found to be up to 20% in more than 90% of trials. As a result, Model C is recommended for force measurements for which the 20% accuracy is considered acceptable, for example when quantifying pedestrianstructure interaction on lively structures (on which a substantial drop in the forcing amplitude has been observed in the past [33] ). Despite establishing potential of using Model C for this specific application, further research should be directed towards improvement of the measurement accuracy when utilising the MCSs.
After choosing the marker layout, ten test subjects walking on a treadmill were monitored using the Vicon system. Seven walking locomotion parameters were measured: the pacing frequency, step length, step width, attack angle, end-of-step angle, trunk rotation and DLF 1 . All parameters were studied in relation to 13 walking speeds (ranging from 0.8 m/s to 2.1 m/s).
Within the investigated population, the walking speed subjectively perceived as ''normal'' was found to be in the range of 1. parameters. The only exceptions were the DLF 1 (CoV = 1.5-8.3%) and a large variation for the step width (CoV = 13.4-39.2%). It is interesting to note that the CoV for all parameters, apart from the step width and the trunk angle, tended to reach minimum value at walking speeds at the boundary between normal and fast walking. This observation indicates that test subjects achieved the most consistent (i.e. least variable) walking pattern at this boundary.
It was shown in this paper that modelling intra-subject variations in all parameters using normal distribution is justified. The only exception is DLF 1 which should be further investigated to determine a better distribution model. In addition, further studies should include a larger sample of test subjects to allow for testing of mutual dependence of parameters across the pedestrian population.
The results presented in this paper provide a particularly detailed characterisation of the intrasubject variability in the walking parameters. These results can be used for calibration of bipedal class of pedestrian models for walking over rigid ground, in particular to test their capability of reproducing the established correlation with the walking speed and observed step-by-step variability.
